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Abstract  
This study explores the effects of COVID-19 confinement in the students’ performance in higher education. 
Using a field experiment of 458 students from three different subjects in Universidad Autónoma de Madrid (Spain), we 
study the differences in assessments by dividing students into two groups. The first group (control) corresponds to 
academic years 2017/2018 and 2018/2019. The second group (experimental) corresponds to students from 2019/2020, 
which is the group of students that interrupted their face-to-face activities because of the confinement. The results show 
that there is a significant positive effect of the COVID-19 confinement on students’ performance. This effect is also 
significative in activities that did not change their format when performed after the confinement. We find that this effect 
is significative both in subjects that increased the number of assessment activities and subjects that did not change the 
workload of students. Additionally, an analysis of students’ learning strategies before confinement shows that students 
did not study in a continuous basis. Based on these results, we conclude that COVID-19 confinement changed students’ 
learning strategies to a more continuous habit, improving their efficiency. For these reasons, better scores in students’ 
assessment are expected due to COVID-19 confinement that can be explained by an improvement in their learning 
performance. 
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1. Introduction 
The coronavirus COVID-19 outbreak disrupted life around the globe in 2020. As in any other sector, the COVID-
19 pandemic affected education in many ways. Governments decisions have followed the common goal of reducing the 
spread of coronavirus by reducing social contact, with a direct effect in many countries avoiding face-to-face teaching 
and/or exams and restrictions on immigration affecting Erasmus students [1]. Where possible, classes are being held via 
books and materials taken from school, through various e-learning platforms enabling interaction between teachers and 
students, and, in some cases, with the help of national television shows or social media platforms. Some education systems 
announced exceptional holidays to better prepare for this distance-learning scenario.  
The start and end dates of the academic year, as well as holidays, are different in each country, therefore the 
situation was not homogeneous. While some countries suspended in-person classes from March/April until further notice, 
others were less restrictive, and universities were only asked (without imposing by the government) to reduce face-to-face 
teaching and replacing it with online solutions as much as possible. Depending on the academic calendar, in other cases 
it was possible to postpone the start of summer semester. [2]. 
Assessment is probably the most challenging concept to be adapted to this new educational system, and many 
universities are concerned about how to manage a correct evaluation of students’ skills and knowledge. The consequences 
of university closure potentially extending to the end of the academic year arises questions concerning grading and 
valuation of progress that rapidly became a significant policy challenge. An additional problem is how to determine if 
students in their final school year can study adequately or be assessed fairly in terms of accessing higher education 
programs. 
Fortunately, there are many tools available to face the challenge of distant learning imposed by the COVID-19 
pandemic [3]. For these reasons, the modification of contents that were previously taught face-to-face is easily 
conceivable. Unfortunately, there are other important tasks in the learning process, such as assessment or autonomous 
learning, that can be still challenging without the direct supervision of teachers. 
Related to the assessment process, online evaluation has become one of the most concerning concepts in the 
COVID-19 pandemic because of two reasons. First, teachers should redesign their on-site evaluation in order to meet 
distance evaluation requirements. Second, it is unclear how to ensure that students follow the instructions and do not use 
not-allowed additional material in their evaluation tests without the direct supervision of teachers. 
All these arguments end in a common topic: How to ensure the assessment’s adequacy and correctly measure 
students’ knowledge. Thus, how can teachers read students’ results if they differ from previous years? Namely, if students 
achieve higher scores than previous years, we could think that can be linked with cheats in their online exams or with 
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changes in the common format of the evaluation tools. On the contrary, students can obtain lower grades what, again, 
could be related to the evaluation format or to a less effective autonomous learning due to the change in teaching method. 
 The objective of this article is to reduce the uncertainty in the assessment process in higher education during the 
COVID-19 pandemic. To achieve this goal, we analyze students’ learning strategies before and after confinement. 
Altogether, our data indicates that autonomous learning in this scenario has increased students’ performance and higher 
scores should be expected. We also discuss the reasons underneath this effect. We present a study that involves more than 
450 students enrolled in 3 subjects from different degrees from the Universidad Autónoma de Madrid (Spain) during 
three academic years, including data obtained in the 2019/2020 academic year, where the restrictions due to the COVID-
19 pandemic has been applied. 
2. Background 
E-learning has experienced significant change due to the exponential growth of the internet and information 
technology [3]. New e-learning platforms are being developed for tutors to facilitate assessments and for learners to 
participate in lectures [4 - 5]. Both assessment processes and self-evaluation have been proven to benefit from 
technological advancement. Even courses that include all the contents online such as Massive Open Online Courses 
(MOOCs) [6 - 7] have been also become popular. The inclusion of e-Learning tools in higher education implies that a 
greater amount of information can be analyzed, improving teaching quality [8 - 9 - 10]. In recent years, many studies have 
been performed analyzing the advantages and challenges of massive data analysis in higher education [11]. For example, 
a study of Gasevic et al [12] indicates that time management tactics had significative correlations with academic 
performance. Jovanovic et al also demonstrated that assisting students in their management of learning resources is 
critical for a correct management of their learning strategies in terms of regularity [13]. 
Related to autonomous learning, many studies have been performed regarding the concept of self-regulated 
learning (SRL), in which students are active and responsible for their own learning process [14 - 15] as well as being 
knowledgeable, self-aware and able to select their own approach to learning [16 - 17]. Some studies indicated that SRL 
significantly affected students' academic achievement and learning performance [18 - 19 - 20]. Researchers indicated that 
students with strongly developed SRL skills were more likely to be successful both in classrooms [21] and online learning 
[22]. These studies and the development of adequate tools for evaluation and self-evaluation of learners have become 
especially necessary in the COVID-19 pandemic in order to guarantee good performance in e-learning environments [23]. 
Linear tests, which require all students to take the same assessment in terms of the number and order of items 
during a test session, are among the most common tools used in computer-based testing. Computer adaptive test (CAT), 
based on item response theory, was formally proposed by Lord in 1980 [24 - 25 - 26] to overcome the shortfalls of the 
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linear test. CAT allows dynamic changes for each test item based on previous answers of the student [27]. More advanced 
CAT platforms use personalization to individual learner´s characteristics by adapting questions and providing tailored 
feedback [28]. Research contains numerous examples of assessment tools that can guide students [29 - 30 - 31] and many 
advances have been also developed in the theoretical background of CAT [32]. In this aspect, advantages offered by CAT 
go beyond simply providing a snapshot score [33], as is the case with linear testing. Some platforms couple the advantages 
of CAT-specific feedback with multistage adaptive testing [34]. The use of CAT is also increasingly being promoted in 
clinical practice to improve patient quality of life. Over decades, different systems and approaches based on CAT have 
been used in the educational space to enhance the learning process [35 - 36]. Considering the usage of CAT as a learning 
tool, establishing the knowledge of the learner is crucial for personalizing subsequent question difficulty. CAT does have 
some negative aspects such as continued test item exposure, which allows learners to memorize the test answers and share 
them with their peers [37 - 38]. As a solution to limit test item exposure, a large question bank has been suggested. This 
solution is unfeasible in most cases, since majority of the CAT models already require more items than comparable linear 
testing [39].  
3. Purpose 
The aim of this study is to identify the effect of COVID-19 confinement on students’ performance. This main 
objective leads to the first hypothesis of this study which can be formulated as H1: COVID-19 confinement has a 
significative effect in students’ performance. The confirmation of this hypothesis should be done discarding any potential 
side effect such as students cheating in their assessment process related to the distant learning. Moreover, a further 
analysis should be done to investigate what factors of COVID-19 confinement are responsible of the change.  
A second hypothesis is H2: COVID-19 confinement has a significative effect in the assessment process. The aim 
of the project was therefore to investigate the following questions: 
1. Is there any effect (positive or negative) of COVID-19 confinement in students’ performance? 
2. Is it possible to be sure that COVID-19 confinement is the origin of the different performance (if any)? 
3. What are the reasons of the differences (if any) in students’ performance? 
4. What are the expected effects of the differences in students’ performance (if any) in the assessment process? 
 
4. Materials and methods 
4.1 Measurement Instruments 
We have used two online platforms. The first one is e-valUAM [40], an online platform that aims to increase the quality 
 
 
 
 
 
 
5  
of tests by improving the objectivity, robustness, security and relevance of content. e-valUAM implements all the CAT tests 
described in the following sections. The second online platform used in this study is the Moodle platform provided by the 
Biochemistry Department from Universidad Autónoma de Madrid, where all the tests that do not use adaptive questions are 
implemented. Adaptive tests have been used in the subjects “Applied Computing” and “Design of Water Treatment Facilities”. 
Traditional tests have been used in the subject “Metabolism”. 
4.1.1 CAT theoretical model 
Let us consider a test composed by NQ items. In the most general form, the normalized grade Sj obtained by a 
student in the j-attempt will be a function of the weights of all the questions α and the normalized scores ψ (Sj=Sj(α,ψ)), 
and can be defined as: 
𝑆𝑗  (?⃗? ,  𝜑⃗⃗⃗⃗ ) =  (∑ 𝛼𝑖 𝜑𝑖
𝑁𝑄
𝑖=1
)         (1) 
where the ψi is defined as 
𝜑𝑖=  𝛿𝐴𝑖 𝑅𝑖           (2) 
where δ is the Kronecker delta, Ai the correct answer and Ri the student’s answer to the i-question. By using this 
definition, we limit ψi to only two possible values: 1 and 0; ψi =1 when the student’s answer is correct and ψi=0 when the 
student gives a wrong value. This definition is valid for both open answer and multiple-choice tests. In the case of multiple-
choice test with NR possible answers, ψi can be reduced to consider the random effect. In this case: 
𝜑𝑖= 𝛿𝐴𝑖 𝑅𝑖 − 
1−𝛿𝐴𝑖 𝑅𝑖
(𝑁𝑅−1)
           (3) 
Independently of using equation 2 or 3, to be sure that Sj(α, ψ) is normalized (i.e. 0<Sj (α, ψ)<1), we must impose 
the following additional condition on α:  
∑ 𝛼𝑖
𝑁𝑄
𝑖=1 
= 1           (4) 
In the context of needing a final grade (FG) between 0 and a certain value M, which typically takes values such 
as 10 or 100, we just need to rescale the Sj(α, ψ) value obtained in our model by a factor K, i.e. FGj=K Sj(α, ψ). 
We will now include the option of having questions with an additional parameter L, which will be related to the 
level of relevance of the question. L is a number that we will assign to all the questions included in the repository of the 
test (i.e. the pool of questions from where the questions of a j-test will be selected). The concept of relevance can take 
different significances depending on the context and the opinion of the teachers. In our model, the questions with lower 
L values will be shown initially to the students, when the students answer correctly a certain number of questions with 
the lower L value, the system starts proposing questions from the next L value. By defining NL as the number of possible 
L values, the L value that must be obtained in the k-question of the j-test can be defined as: 
 
 
 
 
 
 
6  
𝐿𝑘 = 𝑡𝑟𝑢𝑛𝑐 [(
𝑁𝐿 ∑ 𝜑𝑖
𝑘−1
𝑖=1
𝑁𝑄
) + 1]         (5) 
where trunc means the truncation of the value between brackets. It is worth noting that Lk is proportional to the 
sum of the student’s answers to all the previous questions in the test. This fact means that, in our model, the Lk depends 
on the full history of answers given by the student. Lk is inversely proportional to NQ, which means that it takes a higher 
number of correct answers to increase Lk. Once Lk is defined, a randomly selected question is shown to the student. 
Another important fact that implies the use of equation 5 in the adaptive test is that we will never have Lk<Lk-1. In other 
words, once a student starts answering questions from a certain L value, they will never go back to the previous one. In 
Fig 1 we show a simple example of the multiple possible paths that a student can follow when facing a test that uses our 
model. In the example shown in Fig 1 we have used NQ=6 and NL=3. In this very straightforward example, the L value 
changes every time a student gives 2 correct answers (following diagonal arrows on the diagram). Wrong answers imply 
a vertical drop on the diagram. In this case, the L value will not change (Lk=Lk-1). The final student’s grade G is shown on 
the lower part of the diagram. The lowest grade (G=0) corresponds to a test where the student has failed all the NQ 
questions. In this case, L=1 for all the possible j values. The highest grade (G=6) implies that the student has faced 
questions from all the possible L values (L={1,2,3} in Fig 1). 
 
Fig 1. Representation of the CAT model.  
Green arrows indicate the path students take when they answer a question correctly. Students follow red arrows when an incorrect answer 
is given. Grades are represented at the bottom of the figure, improving with each step to the right. 
 
4.1.2 Multiple Answer Test (MA-T) 
MA-Ts are used for evaluation and self-evaluation of theoretical contents. In this case, we use a standard format 
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where a single correct answer must be chosen from a pool of possible answers shown by the system. Since students can 
sometimes answer correctly by a random selection, equation 3 must be used when evaluating the score of any item. The 
format of the MA-T in our CAT method requires the following elements: 
- Statement 
- Correct answer 
- Rest of possible answers (wrong ones) 
- Level of the item 
In addition, the e-valUAM platform, where the method proposed in this article has been implemented, allows 
optional use of images or sounds for both the statement and the answers. e-valUAM shows the statement and the possible 
answers. All other information relating to the CAT method such as the level of the item is hidden to the student. The 
interface also shows optional feedback information about the performance of the learner in the previous item. Finally, it 
shows the time remaining to finish the test. 
4.1.3 Open Answer Test (OA-T) 
To train the contents of numerical problems, an OA-T was developed in which the statements include at least 
one parameter that will change its value with each execution of the application. This kind of question requires the 
following elements to be created:  
- Statement with explicit indication of the modifiable parameter(s). 
- Minimum and maximum values of each modifiable parameter. 
- Programming code (Matlab in e-valUAM) that calculates the solution to the problem. 
- Level of the item. 
As with MA-T, there is also a possibility of including multimedia files in the item. However, in this type of 
question, the multimedia option is only available in the statement as the answer is numerical and included by the user in 
all cases. In this case the interface has a space for entering the numerical answer. In this figure we also show the feedback 
of the application when an incorrect previous answer has been introduced. 
4.1.4 Traditional tests 
Traditional tests have been used in the subject “Metabolism” from the Human Nutrition and Dietetics Degree. 
The course contents are divided in 6 parts corresponding with different aspects of human metabolism. Each part is taught 
by face-to-face lectures followed by different on-line activities that the students perform in the Moodle platform and that 
are later discussed between them and with the professor in face-to-face workshops. The on-line activities in each part of 
the course performed after the corresponding lecture are, in this order: “Exercises Workshop”, “Discussion Workshop”, 
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“Self-assessment” and “Test”. Except for the Discussion Workshops, discussed below, all activities are on-line 
questionnaires (multiple-choice and cloze questions) that the students must perform in Moodle, achieving a score 
automatically calculated and showed that will be part of their continuous assessment. Exercises Workshops and Self-
assessment are done by the students without supervision of the tutor, whereas the Tests are done on-line but under 
controlled conditions, just in the same way as a regular examination. The students should perform a total of 15 on-line 
activities: 5 Exercises Workshops, 6 Self-assessment activities and 4 Tests. Discussion Workshops are practical cases that 
must be discussed by the students and sent to the tutor by Moodle. As these activities do not obtain an automatic score 
but require a correction by the professor, they have not been considered in this study.  
4.2 Design of the experiment 
4.2.1 Control group 
The control group of our study is formed by the students of “Applied Computing” and “Metabolism” from 
academic years 2017/2018 and 2018/2019 and by students of “Design of Water Treatment Facilities” from academic year 
2017/2018. In the case of “Design of Water Treatment Facilities”, a longitudinal study has been performed in the academic 
year 2017/2018 to analyse the effect of rewards in the students’ learning strategies, especially those related to time 
management. 
4.2.2 Experimental group 
The experimental group of our study are students of “Applied Computing” and “Metabolism” from academic year 
2019/2020. In the longitudinal study of “Design of Water Treatment Facilities”, experimental group corresponds to the 
third stage of the study. 
4.2.3 Study of autonomous learning strategies in the control group 
To answer our research questions, we first set up an experiment that obtain accurate measurements of the 
autonomous learning activities both in the control and experimental group. The high accuracy in the measurements in 
the autonomous learning activities is achieved by using the adaptive tools previously described both in learning and 
assessment. In our experiment, students know from the beginning the evaluation format (and e-Learning tools), available 
for their autonomous learning. This fact is extremely motivating for students to use the tool and perform the tests. In Fig 
2 we show the procedure used in our experiments to measure the autonomous learning. There are two kinds of contents 
in the subjects included in the experiment: theory and numerical problems. In the case of theory, students can use the e-
valUAM platform through MA-T. The final evaluation is performed by OA-T. In the case of numerical problems, both 
learning and evaluation use OA-T. In this case, the motivation of students for using the platform is even higher because 
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their final scores will be obtained by exactly the same tool they use in their autonomous learning. 
 
Fig 2. Scheme of the strategy followed to accurately measure the autonomous work of students and the influence of 
rewards. 
 
This system is applied in all the experiments related to analyse the autonomous learning activity.  
In the case of “Design of Water Treatment Facilities”, an additional longitudinal study has been performed as is 
shown in Fig 2. This study has been performed in three stages. In the first stage, the self-evaluation material was presented 
to the students right before the evaluation test. In the second stage, the self-evaluation material was available 3 weeks 
before. To manage the theory contents, a MA-T with three possible answers to each question and only one correct, has 
been created as well. In the first stage, with the test available only the day before the exam, students had at their disposal 
a MA-T composed of 16 questions and with a time limit of 15 minutes. In the second stage, the time available was increased 
to 30 minutes and the question number to 18. These changes are related to the nature of the subject contents and do not 
have a significant impact on the study. The OA-T tests had 6 and 9 questions in the first and second stage, respectively. 
In order to maintain consistency in the subsequent study, an additional effort has been made to keep the difficulty of the 
questions as similar as possible. 
Stage 3 had no new material added, instead, it used all the material created in stages 1 and 2. Stage 3 corresponds 
to the time window between the end of classes and the last exam. In this stage, all the material was available from the 
beginning. The protocol used in this stage only varied from stage 2 in the inclusion of a reward for students who used the 
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application 3 or more different days. The reward was related to a bonus in the final grades. 
4.2.4 Effect of COVID-19 confinement 
Once the correct measure of the autonomous learning is ensured, as explained in the previous section, we must 
develop an experiment to describe the effect of COVID-19 confinement. This experiment compares results of control and 
experimental groups in all the assessment process. There are two stages that must be considered to determine the effect 
of the COVID-19 confinement. The first one corresponds to the period without confinement in the course 2019/2020 
(before March 11), when all the measurable activities are performed in similar conditions for experimental and control 
groups. The second stage corresponds to the period of COVID-19 confinement (after March 11), where some measurable 
activities are performed in a different format and statistical differences can be found by comparing experimental and 
control groups. 
In the case of “Applied Computing”, students use the e-valUAM application in a continuous basis as it is available 
from the beginning of the course. They use the same OA-T for training and for their final exam, therefore the students use 
the application often from the beginning of the course. For this reason, in “Applied Computing”, data analysis is performed 
over a continuous self-evaluation process over a single test along the whole academic year. The test performed by the 
students did not change its format and questions in the whole three years under study. 
In the case of “Metabolism”, the confinement started just before the beginning of Part IV of the subject. 
Therefore, in this second stage the scheduled in-person lecturers from Part IV where recorded on video by the tutor and 
provided to the students Afterwards, they had the opportunity to perform the corresponding on-line continuous 
assessment activities, just in the same way as they would have done in normal conditions (as these activities were always 
not face-to-face). As this subject already has an important number of on-line, not face-to-face, activities programmed 
previously to the cancellation of face-to-face teaching, it is an extremely valuable tool to analyse the effect of the 
confinement on students’ performance. 
In Fig 3, we show the full experiment described in this section. First, the two studies performed in years prior to 
COVID-19 confinement. In these first studies, we focus on the learning strategies of the students and their response 
against reward scenarios. Information from these first studies will be useful for the later discussion about the reasons of 
the changes due to the COVID-19 confinement. The second part of our experiment is related to the effect of COVID-19 
confinement, where we compare results of similar assessment activities between control and experimental group. In Fig 
3 we include information about all control and experimental groups in the different interventions. 
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Fig 3. Description of the experiment. 
 
4.3 Statistical analysis 
4.3.1 Applied Computing 
In this subject we have analyzed students’ performance expressed as their score (1-10) obtained in all the tests 
performed in self-evaluation. Those tests (OA-T format) were available from the beginning of the academic year and 
students used them in a continuous basis. First, we tested if data followed a Gaussian distribution by a D'Agostino and 
Pearson omnibus normality test [41]. As the data did not pass the normality test, we used non-parametric statistical tests 
to compare the data from the 3 academic years. Means were compared by a Kruskal-Wallis test [42] and, when differences 
were found, by a Mann-Whitney post hoc test [43] to determine which pairs of means were different. All the statistical 
analysis was performed using GraphPad Prism 6 (GraphPad Software, La Jolla, California, USA). Data is presented as 
mean±SD and statistical significance was set at p<0.05. 
4.3.2 Metabolism 
Here, we have analysed 2 variables, the score (0-10) obtained by the students in the different activities and the 
proportion of students that pass the activity (score≥5), from 2019/2020 and the 2 previous academic years. Firstly, we 
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checked if the results from the previous 2 years (2017/2018 and 2018/2019) were similar between them, thus allowing us 
to compare them with the results from present year. To perform the analysis, we tested the score data for normality by a 
D'Agostino and Pearson omnibus normality test [41] , comparing them later with an unpaired 2-tailed t-test, if they were 
normal, or with a non-parametric Mann-Whitney test, if they were not normal. Afterwards, we proceeded similarly to 
compare the results from the present year with those from the 2 previous. When data from each activity followed a normal 
distribution, we compared the 3 means by a 1-way ANOVA followed by a an unpaired 2-tailed t-test; when data did not 
follow a normal distribution, we compared the 3 means with a Kruskal-Wallis test followed by a Mann-Whitney post hoc 
test. In order to compare the proportion of students that pass the activities (score≥5) in the different years, we performed 
a z-test (after confirming that our data met the central limit theorem).  All the statistical analysis was performed using 
GraphPad Prism 6. Data is presented as mean±SD and statistical significance was set at p<0.05. 
4.3.3 Design of Water Treatment Facilities 
In order to substantiate these related samples of results, we performed a Wilcoxon Signed Rank test to compare 
two related samples that cannot be assumed to be normally distributed. In the experiments related to this subject, the 
same students were involved in the two samples. Data is presented as mean±SD and statistical significance was set at 
p<0.05. 
4.4 Participants 
4.4.1 Applied Computing 
This study with real students took place during the 2016-2017, 2017-2018 and 2019-2020 academic years in the 
first-year subject "Applied Computing". 97, 73 and 91 students were involved each academic year, respectively. This 
subject was taught through theory lessons and practical classes in the computer laboratory. This course corresponds to 6 
ECTS and belongs to the Chemical Engineering Degree in the Faculty of Sciences from Universidad Autónoma de Madrid, 
Spain. Due to COVID-19 pandemic, the face-to-face teaching was cancelled on March 11, having a strong influence in the 
2019/2020 course since it started on the first week of February and lasts until mid-May. 
4.4.2 Metabolism 
The data for this study has been obtained from real students enrolled in the “Metabolism” course from the 
Human Nutrition and Dietetics Degree from Universidad Autónoma de Madrid, Spain. This is a 6 ECTS compulsory 
subject taught during the second semester of the first year of the degree. The study comprises data from 2017/2018 and 
2018/2019 academic years, with 64 and 63 enrolled students, respectively, and from the present one, 2019/2020 (47 
students), which has been strongly affected by the mobility restrictions caused by the COVID-19 pandemic. This year, the 
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course started on January 28 and finish on April 30. Face-to-face teaching cancellation and beginning of confinement 
occurred when the subject was approximately at its half. 
4.4.3 Design of Water Treatment Facilities 
The experience with real students took place during the 2017-2018 academic year. 23 students were involved in 
the fourth-year optative subject "Design of Water Treatment Facilities". This subject was taught through theoretical and 
practical classes in the classroom and laboratory, respectively. Our study focused on the theoretical part of the subject. 
This course corresponds to 6 ECTS and belongs to the Chemical Engineering Degree in the Faculty of Sciences of the 
Universidad Autónoma de Madrid, Spain. 
5. Results 
5.1 Autonomous learning strategies in the control group 
5.1.1 Continuous working of students in a non-rewarded scenario 
In this section, we analyze students’ self-learning strategies in the years that were not influenced by COVID-19 
(2017/2018 and 2018/2019). However, since data is very similar in both courses, we will focus con 2017/2018 for clarity. 
All statistical results can be also applied to 2018/2019. In those years, theoretical lessons were taught in the classroom 
and practical lessons in the computer laboratories with the physical presence of a teacher. Practical lessons always used 
the e-valUAM platform and the adaptive test described previously. 
In Fig 4a, we show the scores obtained by all the students in the course 2017/2018 in all the attempts made with 
the adaptive tests. Attempts are ordered chronologically. A score of -1 in the figure implies that the student did not finish 
the test and did not take a numerical score. Those tests have been included in the figure as a part of student’s autonomous 
work and must be considered as time of learning; however, will be excluded from score data analysis. There are some 
effects in the figure that must be considered. First, there are certain scores more repeated than others (2.5, 5 and 7.5), 
which correspond to a jump in the level (L) (level 1: 0-2.5, level 2: 2.5-5, level 3: 5-7.5 and, level 4: 7.5-10), meaning that 
students are not able to answer more difficult questions yet. Another effect that can be easily seen in the figure is a region 
where a huge number of tests had a score -1 (between 600 and 700 approximately). This effect appears because, in those 
days, teachers asked students to find the most difficult questions in the test. For that reason, students interrupted the 
tests when they found those questions. 
However, the most interesting effect, which can be observed in Fig 4a, is the distribution of the tests in time, with 
a much bigger number of tests done in May, the last month of the academic year for this subject. Students used the 
platform 688 times in total in May and 486 times in the period between February and April. It is worth noting that the 
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academic year for this subject ended in May 21 (final exam). In Fig 4b we show the distribution of attempts between 
February and May. We found 62 in February, which is a low but reasonable number since students do not have yet enough 
knowledge to face tests properly. They usually start using it at the middle of the month. In March, there is an increase in 
the number of attempts followed by a slight decrease in April. This difference can be justified by the Easter holidays (one 
week) in April. The number of attempts strongly increase on May. Even when counting only the first two weeks of the 
month, we have more attempts than in previous months (292 from May 1-15). In the period of May 16-21, we have recorded 
396 attempts (469 if we count the attempts in the final exam). In the inset of Fig 4b we show the distribution in the last 
period (May 16-21). As we can see, students used the platform 127 times the day before the exam and 173 times the day of 
the final exam (95 of studying and 78 in the exam itself). More than 33% of tests were performed the last 6 days before 
the final exam (and more that 50% of those tests were performed the day before the exam). 
 
Fig 4. Distribution of self-evaluation activities in “Applied Computing”. 
(a) Individual scores of all the students in the academic year 2017/2018 (ordered chronologically). Each dot corresponds to a single 
attempt of a student. (b) Number of attempts in the academic year 2017/2018 distributed in time periods. Inset shows the distribution 
in the days between May 16 and May 21. 
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5.1.2 Continuous working of students in a rewarded scenario  
To study the effects of a rewarded scenario, we have developed an experiment in the academic year 2017/2018 
for students from the subject “Design of Water Treatment Facilities”. We have used 3 stages (fully described in Materials 
and methods section): stage 1, where the self-evaluation tests have been made available for 1 day; stage 2, where the self-
evaluation tests have been made available for 3 weeks; and stage 3, where self-evaluation tests were available for a long 
time with a reward related to their use. Fig 5 shows the attempts distribution in all the stages. Focusing on the MA-T, 
13/20 students have made more attempts in the first stage than in the second, which is striking considering that in the 
second stage application was available for longer. Three students have not made any attempt in either of the 2 stages. 
As for the group of students who have used the application for more than one day, we noted only 3 individuals 
working for at least 3 days. Considering that the application has been available for 3 weeks in this second stage, these 
results show the very low willingness of the students to work continuously. Focusing on the OA-T, this effect is even more 
significant, as only two cases have been recorded in which students have used the application for more than one day. 
Increasing student motivation and analyzing the results of a more persistent use of the tool is the objective of stage 3. 
In Fig 5 we can see the distribution of attempts made by the students in the whole study (3 stages). There is a 
fourth stage in the figure that corresponds to an additional exam made by the students that did not pass the previous ones. 
Since only a few of them were involved in this fourth stage, it was excluded from the analysis. As we can see in the figure, 
attempts from stage 1 were limited to a couple of days, which corresponds to the short period when the test was available. 
Some attempts can be found in a wider window in stage 2. However, a much higher number of attempts extended in time 
can be found in stage 3, which corresponds to the rewarded stage. 
 
Fig 5. Distribution of attempts in the self-evaluation/learning phase in “Design of Water Treatment Facilities”. 
Horizontal axis corresponds to the dates and vertical axis to the grades obtained in every individual attempt. The attempts made by all 
the students in the 3 stages are presented.. 
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In order to measure the use of the tool over time, we summarized the use of the system by students in stage 2 
and 3 by comparing the number of days the students attempted the stage 2 MA-T and OA-T tests during the 3 weeks 
leading up to the exams given after each stage. It is interesting to note that, during stage 3, six more students utilized the 
system than in stage 2; however, the total attempts reduced between the 2 stages from 123 to 102. This translates to a 23% 
increase in the average use of the application over time from 1.9 days in stage 2 to 2.4 days in stage 3 combined with a 
reduction of attempts per student from 9.5 in stage 2, to 5.4 in stage 3. In the earlier stage, fewer students used the 
application intensively by making multiple attempts a day. Students who logged in at the later stage were more likely to 
use the application once or twice a day over several days because of the reward related to this behavior. Out of a total 
sample of 19 students who used the tool in in stage 3, 5 were eliminated by the test as they accessed the tests the same 
number of days in both stages. Then, for the use of application by the remaining 14 students the W-value was of 15.5, with 
the critical value of W=25 at p.0.05. Therefore, the result is significant. 
5.2 Effect of COVID-19 confinement 
 We have studied two cases related with two different and common scenarios in COVID-19 distant learning. The 
first one is related to subjects where teachers increased the number of tasks that students should perform autonomously. 
The second one is related to subjects where all the autonomous tasks are just the same as in previous courses. In this case, 
only face-to-face sessions have been replaced by distant learning activities such as online sessions or recorded classes. 
5.2.1 Additional autonomous activities during confinement 
In Fig 6 we show the scores obtained by all the students in the 3 courses analysed in all the e-valUAM tests 
performed in the subject “Applied Computing”. We indicate in the figure the period of the COVID-19 confinement during 
the 2019/2020 course (from March 11 to March 30). For clarity, we also indicate the equivalent period in the two previous 
years. As we can see in the figure, the number of tests performed before confinement were similar (225 and 246) in the 
two previous years (control group), but there is a remarkable increment in the number of tests (328) performed in the 
experimental group. These differences can be easily explained normalizing these numbers to the number of students each 
year (97, 73 and 91 respectively). By doing that, we obtain 2.31, 3.37 and 3.6 test/student, respectively. Thus, differences 
between courses 2018/2019 and 2019/2020 are reduced, although there is still some difference with respect students 
from course 2017/2018, that can be explained by the fact that some of these students were retaking the subject and, 
therefore, did not use the e-valUAM application often until the contents were more difficult. If we count the number of 
tests finished until the end of the academic year in the courses 2017/2018 and 2018/2019, we find 1345 and 1175 tests 
respectively. Normalizing with the number of students, we find 13.87 and 16.1 test/student respectively. This is a 
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difference of 2.23 test/student in a period of 3.5 months, which means a difference of less than 1 test/student each month. 
The conditions after the COVID-19 confinement radically changed in the course 2019/2020 because students 
were required to perform a higher number of tests each week. As we can see in Fig 6, there are still small differences 
between courses 2017/2018 and 2018/2019. However, the amount of test performed in 2019/2020 is almost 5 times 
higher. In the inset of Fig 6 we show a histogram with the data of course 2019/2020. The adaptive tests used in this 
experiment induce the effect of higher number of attempts at scores 2.5, 5 and 7.5, which are the points where the level of 
the questions increases. For that reason, the curve is not normal. This fact is statistically tested in the following analysis. 
 
Fig 6. Attempts vs. Scores ordered chronologically for the three academic years under study in “Applied Computing”.  
 
When comparing the mean scores from the period before confinement (Fig 7), we found that they were 
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statistically different between the 3 academic years , differences being  between the mean score from the 2019/2020 
(experimental group) and both the other 2 years (control group):  4.5±1.6 in experimental group, vs. 3.9±1.5 in 2017/2018, 
p=0.0003, and vs. 3.9±1.5 in 2018/2019, p=<0.002), with no differences between 2017/2018 and 2018/2019 (p=0.997). 
Similarly, in the period between the beginning of confinement and March 30, there were statistically significant 
differences between the mean of present course 2019/2020 and the previous 2 years (6.3±1.6 in experimental group, vs. 
5.6±1.8 in 2017/2018, p=0.0168, and vs. 5.2±2.1 in 2018/2019, p=0.0002), with no differences between 2017/2018 and 
2018/2019 (p=0.4451). The mean scores are significantly different both in the control and in the experimental groups 
between both periods (before and after confinement). We have seen also an increase in the mean score differences after 
the confinement. 
 
 
Fig 7. Students’ scores in the face-to-face period (before confinement) and in the distant teaching period (during 
confinement).  
Data is presented for the 3 academic courses (2017/2018 and 2018/2019 being the control group and 2019/2020 the experimental group) 
as mean±SD. Symbols indicate statistically significant differences (p<0.05) between course 2019/2020 and 2017/2018 (*), 2019/2020 
and 2018/2019 (#) or between the period before and after the confinement during the same course (¶). 
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5.2.2 Not additional autonomous activities in confinement 
This study has been performed with students from the subject “Metabolism”, which is a subject where no 
additional tasks have been imposed to students because of COVID-19 confinement. We have analysed students’ score and 
proportion of students that pass the activity (score≥5). As it can be observed in Fig 8a, the scores obtained by the students 
in the different activities along the course were consistently similar in both years of the control group, with the only 
exception of the second activity where there was a slightly decrease in year 2018/2019 (p<0.05). Similarly, the proportion 
of students with a score≥5 was very similar in the control group (p>0.05) (Fig 8b). Therefore, students’ performance in 
the previous 2 years (control group) were not significantly different, allowing us to compare with them the results from 
2019/2020. Scores obtained by the students in 2019/2020 academic year before confinement were similar to those 
obtained by students from the control group, although some differences were found at the beginning of the course 
(activities number 2, 3 and 4, p<0.05). We think that this could be due to the adaptation of the students to the course and 
the new assessment methodology, being afterwards similar again. However, after the end of face-to-face teaching and 
beginning of confinement, students’ scores were significantly higher than in the previous academic years (Fig 8a). The 
most remarkable differences are evident in activities 10 and 11, that were always on-line activities. Thus, in activity 10, 
mean score in the present year (2019/2020) was 8.1±0.2 vs. 6.5±0.2 (p<0.0001) and vs. 6.7±0.3 (p=0.0005) in 2017/2o18 
and 2018/2019, respectively. Similarly, in activity 11, the mean score of experimental group was 7.8±0.2 vs. 6.8±0.2 
(p=0.0014) and vs. 6.1±0.3 (p<0.0001) in 2017-2o18 and 2018/2019, respectively. Better performance of students was 
strongly evident when analysing the proportion of students that pass these 2 activities (Fig. 8b). Thus, 95.6% of students 
passed activity 10 (p<0.0047 vs. 2017/2018 and p=0.0025 vs. 2018/2019) and 97.7% activity 11 (p<0.0068 vs. 2017/2018 
and p=0.0111 vs. 2018/2019). Moreover, we also found higher scores and an increase in students that pass the activity 
number 9, which is a test (Figs 8a and 8b). In the present academic course (2019/2020), this test has been performed by 
the students confined at their homes, in contrast to previous years where it was performed in the classroom under the 
supervision of the tutor. In addition, we have analysed the proportion of students that perform the activities in the 
different courses (Fig 8c), finding that this proportion is very similar, with only a difference in one activity. 
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Fig 8. Results of students enrolled in Metabolism during the last 3 academic years.  
(a) The score obtained by the students in the different activities of the continuous assessment is represented. (b) Proportion of students 
that pass the continuous assessment activities (score≥5). (c) Proportion of students that did not carry out the continuous assessment 
activities. From the 11 activities, only 2 are in-person activities under normal conditions (number 5 and 9, highlighted with a box), the 
other activities were always on-line.  The end of in-person teaching and beginning of confinement is indicated with a red arrow. Data is 
presented as mean±SD. Symbols indicate statistically significant differences (p<0.05) between courses 2017/2018 and 2018/2019 (§), 
2017/2018 and 2019/2020 (*) and 2018/2019 and 2019/2020 (#). 
 
6. Discussion and conclusions 
The aim of this study was to identify the effect of COVID-19 confinement on students’ performance. Therefore, 
we conducted an experiment among 450 students from three subjects in different degrees of higher education at 
Universidad Autónoma de Madrid, Spain. The results of this study answer our 4 research questions: 
1. Is there any effect (positive or negative) of COVID-19 confinement in students’ performance? 
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2. Is it possible to be sure that COVID-19 confinement is the origin of the different performance (if any)? 
3. What are the reasons of the differences (if any) in students’ performance? 
4. What are the expected effects of the differences in students’ performance (if any) in the assessment process? 
With respect to research question 1, the results show that there is a significant positive effect of COVID-19 
confinement on students’ performance. The results indicate that students obtain better scores in all kind of tests that are 
performed after the beginning of confinement. Different sources of error have been removed from our study by including 
only subjects that fit the following requirements for the last three academic years: 
- Same teaching methodology and teachers all the years. 
- Same assessment process all the years, including both distant and on-site activities. 
- Tests performed both before and after the COVID-19 confinement in the present academic year. 
 To be sure that this positive effect is due to the COVID-19 confinement (research question 2), we have compared 
results of students from the present 2019/2020 academic year (experimental group) with results of students from the last 
two academic years 2018/2019 and 2017/2018 (control group). Students from the two previous academic years had 
similar scenarios from the beginning to the end of their course. When compared to students of the 2019/2020 academic 
year, we have two periods with different conditions. The first period is taught in the same conditions as in previous years 
(before confinement). In the second period, those conditions dramatically changed, and all the teaching and learning 
activities are limited to distant learning. The results of our studies clearly indicate that there are significant differences in 
students’ performance after the confinement that cannot be found before in the same year or when comparing to the 
previous academic years. 
At this point, it is clear that the variable that correlates with the change in students’ performance is the beginning 
of confinement. However, we cannot stablish yet if the difference is due to the: 
- New learning methodology. 
- New assessment process. 
The problem with confinement is that not only learning and teaching strategies should be modified, but also the 
assessment process as it cannot be done face-to-face. There are some concerns related to these new assessment methods 
such as the opportunity of cheating by the students. This is the reason why we have chosen only subjects that include 
several tests that have not been modified because of the confinement. The results of our study show that students have a 
significant improvement in their scores also in tests that were performed in distant format also in previous years. 
Moreover, this improvement is only significant when comparing data after the confinement (i.e. there are not significant 
differences in tests in distant format that were performed before the confinement). These findings reveal that the new 
assessment process cannot be the reason of the improvement in students’ performance because they also get better scores 
when the format of the assessment does not change. For these reasons, we establish that the new learning methodology 
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is the main reason for the changes detected in students’ performance after the confinement. 
Now, we shall discuss research question 3 (What are the reasons of the differences (if any) in students’ 
performance?). We have proven that something has changed in students learning methodology. The question is which is 
the common element in those methodologies that impulse the improvement in the learning process. 
We have analysed data from two different subjects that used two very different learning strategies after the 
confinement. In one of them, additional e-Learning tasks were imposed to the students. Theoretical lessons were replaced 
by writing documents. In the other one, no additional e-Learning tasks were imposed, and theoretical lessons were 
replaced by multimedia classes. In both cases, we have found a significant increment in students’ performance in the 
evaluation tests after the confinement. It seems that students’ performance is increased independently of the learning 
strategies followed by teachers. Since we have established that the assessment process cannot be responsible of the 
differences, and we cannot find any common element in the learning methodologies, we must think on a general change 
in the autonomous learning process. 
We have also analyzed data from previous years in two subjects that demonstrate that students do not work in a 
continuous basis. In both subjects, students work hard only the last days before the final exams. In one subject, we have 
found that more than 33% of the autonomous work were done the previous 5 days to the final exam. In the other subject, 
students only used the e-Learning material the last 2 days before the final exam, even when they were provided three 
weeks in advance. In this study, we have also found that students easily change their learning behavior and study 
continuously when a reward is offered. This extra motivation dramatically changed their learning strategy and students 
worked in a much wider time window, increasing their performance. An increasing in the students’ performance due to 
an adequate time management in the learning is well-stablished in the literature [12 – 13].  
In the present COVID-19 confinement, students can find by themselves many different motivations (rewards) to 
work in a continuous basis. First, the confinement is a new scenario that has never been faced by the students. For these 
reasons, students do not have any previous experience to use as a reference in their learning process. Without any previous 
reference, students should be confident that they are following the course correctly and therefore, work continuously to 
be sure that they do not miss any important content. Another interpretation is that they are afraid of missing the academic 
year because of the COVID-19 confinement and they work harder to overcome any difficulty. Finally, students may be 
motivated by their intrinsic responsibility in a very confused situation and work hard to contribute as much as they can 
to solve the problems that higher education is facing. Most probably, different students will find different motivations in 
this new scenario (probably a combination of many). We conclude that there is a real and measurable improvement in the 
students’ learning performance that we believe can guarantee the good progress of this academic year despite the COVID-
19 confinement. 
Answering question 4, we have demonstrated that students get better grades in activities that did not change 
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their format after the COVID-19 confinement. Moreover, we have demonstrated that there is an improvement in their 
learning performance. In conclusion, higher scores are expected due to the COVID-19 confinement that can be directly 
related to a real improvement in students learning. 
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